Background {#s1}
==========

A protein specific allergic reaction is the binding of IgE antibodies to an allergen, which result into common allergic reactions, such as, asthma, rhinitis, rhinoconjunctivitis, eczema, contact dermatitis, angioedema and abdominal pain. Different types of food, pollen or dust mites are common sources of allergens \[[@R01]\]. The introduction of many transgenic proteins into the food-chain and medical application has pressed for the development of different methods to safely conclude on potential protein allergenicity.

Prediction methods based on artificial intelligence and machine learning have gained popularity due to the available data on IgE epitopes, amino acid descriptors and several other variables. These applications include motif based approach using MEME/MAST \[[@R02]\], k-nearest neighbor classifier \[[@R03]\], similarity search against IgE epitopes, epitope profiles and structure profiles \[[@R04]--[@R07]\]. In this paper, a standard method has been developed for predicting allergens based on evolutionary information in the form of amino acid position specific scoring matrix (PSSM) \[[@R08]\] using support vector machine (SVM) \[[@R04],[@R09],[@R10]\]. The performance of the proposed system was assessed by a 10-fold cross-validation experiment on the dataset obtained from Swiss-Prot and SDAP database. For comparison with PSSM based SVM, we also developed methods based on SVM using amino acid, dipeptide composition and pseudo amino acid composition.

Methodology {#s2}
===========

Training data {#s2a}
-------------

To develop our methodology, we obtained the data from different sources as:

### Dataset 1 {#s2a1}

This dataset of 664 allergens was obtained from Li and colleagues \[[@R06]\]. From this dataset 68 sequences annotated with 'fragment' were removed. The resultant dataset of 596 sequences was employed to train our methodology.

### Dataset 2 {#s2a2}

To validate our methodology, 97 allergen sequences were obtained from SDAP (Structural Database of Allergenic Proteins) \[[@R07],[@R16]\].

### Dataset 3 {#s2a3}

1041 non-allergen sequences were collected from Swiss-Prot. One of the criteria was organism : Lycopersicon (tomato), Apium (celery) or Pyrus (pear), commonly consumed commodities. Moreover, three clusters of exclusion criteria were applied: i) allergen or allergy (all text); ii) lipid-transfer protein, cupin, chitinase, profilin (all text); iii) fragment (all text). Most entries were originated from Lycopersicon.

Dataset 1 and Dataset 2 consist of allergen sequences while Dataset-3 consists of non-allergen sequences. Training dataset contains 1540 sequences with 596 allergens (positive sequences) and 944 non-allergens (negative sequences) while test dataset contains a total of 194 sequences with all positive sequences (97) from Dataset 2 and equal number of negative sequences (97) from Dataset 3.

SVM binary classification {#s2b}
-------------------------

Recently SVM (Support Vector Machine) has shown many applications in the field of bioinformatics \[[@R04],[@R09] ,[@R10]\]. SVM is a supervised machine learning method which is based on the statistical learning theory \[[@R12]\]. When used as a binary classifier, an SVM will construct a hyperplane, which acts as the decision surface between the two classes. This is achieved by maximizing the margin of separation between the hyperplane and those points nearest to it. The details of the formulation and solution methodology of SVM for binary classification task can be found elsewhere \[[@R12]\].

SVM software: LIBSVM {#s2c}
--------------------

Simulations were preformed using LIBSVM version 2.81 (a freely available software package) \[[@R17]\]. The SVM training has been carried out by the optimization of the value of the regularization parameter and the value of RBF kernel parameter.

Input features {#s2d}
--------------

### Amino acid composition {#s2d1}

Amino acid composition is a fraction of each amino acid present in the protein sequence. If L is the length of protein and Qi is the frequency of occurrence of an amino acid i, then amino acid composition is Ci = Qi//L , where, i is any of the 20 amino acids.

### Dipeptide composition {#s2d2}

It transforms a protein into an input vector of 400 dimensions (20 by 20). If Qij be a fraction of a pair of amino acids (i, j = 1,\...,20) and L be a total number of all possible dipeptides (L = 400) then the dipeptide composition is Cij = Qij/L, where i, j are any of the 20 amino acid residues.

### Pseudo-amino acid composition {#s2d3}

Pseudo amino acid composition is a representation of both the amino acid composition and sequence order effect \[[@R13]\]. Pseudo amino acid composition features were generated using PseAA web server \[[@R18]\].

### Position Specific Scoring Matrix (PSSM) {#s2d4}

The PSSM for each query sequence was generated using three rounds of PSI-BLAST against a non-redundant protein database, with an E-value cut-off of 0.001 \[[@R19]\]. The PSSM provides a matrix of dimension L rows and 20 columns for a protein chain of L amino acid residues, where, 20 columns represent occurrence/substitution of each type of 20 amino acids. This PSSM matrix was further transformed into input vector of 400 dimensions using the methodology of Xie and colleagues \[[@R14]\].

Performance evaluation {#s2e}
----------------------

Different SVM models using PSSM, amino acid composition, dipeptide composition and pseudo amino acid composition were developed. In this study, allergen Dataset-1 was applied for training and Dataset-2 was employed for validation of different models. Several performance evaluation measures were employed as:

### Cross validation experiments {#s2e1}

A 10-fold cross-validation experiment \[[@R15]\] was carried out to evaluate the performance of the SVM models. The Dataset-1 was randomly divided into 10 subsets. The training and testing were carried out 10 times for each model using one distinct set for testing and the remaining nine for training. The performance of the model was reported as the average performance over 10 sets.

### Re-substitution test {#s2e2}

This test was applied to identify the self-consistency of models \[[@R15]\]. Training dataset itself was applied as the test set to verify the self-consistency of the model which was trained using 10-fold cross-validation process.

### Validation test {#s2e3}

Independent dataset consisting of all the 97 allergens from Dataset-2 and equal number of non-allergen sequences from Dataset-3 was used to evaluate the performance of different SVM models. A confusion matrix was employed to quantify the efficiency of classification between allergens from non-allergens using TP (True positive -- known and predicted allergens), TN (True negative -- known and predicted non allergens), FP (False positive -- known non-allergens and predicted allergens) and FN (False negative -- known allergens and predicted non allergens). We further define sensitivity (TP/ (TP+FN)), specificity (TN/ (TN+FP)), accuracy, positive predictive value (TP/ (TP+FP)), Negative Predictive value (TN/(TN+FN)), Matthews correlation coefficients (MCC) and F-measure 2\*sensitivity\*specificity)/ (sensitivity + specificity).

Discussion {#s3}
==========

The aim of this study was to try evolutionary information using PSSM to build SVM models for allergen prediction. For comparison study, we also developed SVM models using amino acid composition, dipeptide composition and pseudo amino acid composition. Different SVM models were trained using 10-fold cross-validation process and tested using resubstitution test. The results are shown in [Figure 1a](#F1){ref-type="fig"} and [Figure 1b](#F1){ref-type="fig"}. It shows average accuracy in 10-fold cross validation experiments and resubstitution test.

SVM model using PSSM based input features achieved highest 10-fold cross-validation accuracy of 90.1% with resubstitution test accuracy of 98.7%. Other SVM models using pseudo amino acid, amino acid and dipeptide composition based input features achieved an accuracy of 82.1%, 86.3% and 86.5% with resubstitution test accuracy of 92.3%, 98.9% and 99.2% respectively. The hybrid approach was tested by combining features from PSSM (400), amino acid composition (20) and pseudo amino acid composition (400). This approach produced a 10-fold cross validation accuracy of 91.5%. However, it has not shown a significant improvement in the performance as compared to that of PSSM based method that used input vector of 400 features.

[Figure 1b](#F1){ref-type="fig"} shows different performance measures evaluated on the independent dataset (194 sequences). The PSSM based input features applied by the SVM model has produced highest sensitivity of 92.8 with a positive predictive value and negative predictive value of 92.8 on the independent dataset. This approach also achieved the highest MCC of 0.856 and the F-measure of 0.93. The dipeptide and amino acid composition based SVM models predicted allergenicity of protein with a slightly lower sensitivity of about 88% and 86%, respectively. Both the models showed values of positive predictive value exceeding 90 %. The values for MCC obtained for these models were 0.8 and 0.82, respectively with F-measure of 0.89 and 0.90. The performance of the dipeptide based method was comparable to that of the amino acid composition-based method in terms of accuracy (86.5% vs. 86.3%), MCC and F-measure ([Figure 1b](#F1){ref-type="fig"}), though di-peptides provide more information than amino acid composition. We examined our results and found that the frequency of occurrence of most dipeptides was low. The performance of the dipeptide composition-based approach was better than pseudo-amino acid composition-based approach. The most likely reason for low performance of the pseudo-amino acid composition-based approach may be that it considers only identical pairs of amino acids and ignores non-identical pairs. The dipeptide composition based approach considers all of the contiguous pairs of amino acids irrespective of identity.

The performance PSSM based SVM model was also compared to AlgPred \[[@R04]\] and WebAllergen \[[@R05],[@R06]\] models (see [Figure 1c](#F1){ref-type="fig"}). We submitted an independent dataset of 97 allergens and equal number of non allergens to these models. Results show that the allergen prediction models based on PSSM using SVM appears to be capable of producing high positive and negative predictive value.

Conclusion {#s4}
==========

An SVM model using PSSM is developed to distinguish allergens and non-allergens. The results show that this approach has exhibited superior performance in comparison to the other approaches based on amino acid composition, dipeptide composition and pseudo amino acid composition. The results indicate that evolutionary information based input features can provide good amount of discriminative information, which may help to build more effective and efficient potential allergen detecting systems.
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